Abstract-A brain-computer interface (BCI) system provides a convenient means of communication between the human brain and a computer, which is applied not only to healthy people but also for people that suffer from motor neuron diseases (MNDs). Motor imagery (MI) is one well-known basis for designing Electroencephalography (EEG)-based real-life BCI systems. However, EEG signals are often contaminated with severe noise and various uncertainties, imprecise and incomplete information streams. Therefore, this study proposes spectrum ensemble based on swam-optimized fuzzy integral for integrating decisions from sub-band classifiers that are established by a sub-band common spatial pattern (SBCSP) method. Firstly, the SBCSP effectively extracts features from EEG signals, and thereby the multiple linear discriminant analysis (MLDA) is employed during a MI classification task. Subsequently, particle swarm optimization (PSO) is used to regulate the subject-specific parameters for assigning optimal confidence levels for classifiers used in the fuzzy integral during the fuzzy fusion stage of the proposed system. Moreover, BCI systems usually tend to have complex architectures, be bulky in size, and require time-consuming processing. To overcome this drawback, a wireless and wearable EEG measurement system is investigated in this study. Finally, in our experimental result, the proposed system is found to produce significant improvement in terms of the receiver operating characteristic (ROC) curve. Furthermore, we demonstrate that a robotic arm can be reliably controlled using the proposed BCI system. This paper presents novel insights regarding the possibility of using the proposed MI-based BCI system in real-life applications.
INTRODUCTION
The ability of brain-computer interface (BCI) systems [1] based on electroencephalography (EEG) [2] signals provides an alternative method of communication between humans and machines for understanding human beings' intentions. Regardless of many of pivotal techniques in pattern recognition community have been applied and evaluated within the context of EEG-based BCI, the results of the BCI systems are still hardly robust due to the fact of inter-and intra-subject variabilities. These variabilities bring a large number uncertainty to severely affect the performance of BCI systems. Compared with other existing BCIs [3] , efforts to develop EEG-based BCI systems associated with motor imagery (MI) [4] have attracted increasing attention in recent years. The brain dynamics of MI are mainly occurred in the primary sensorimotor area, quite similar to those observed during the execution of actual movement. In order to achieve highresolution BCI design, one important issue is to extract specific features from the event-related areas for identifying different actions during MI tasks. To this end, a variety of feature extraction methods have been proposed. Researchers have attempted to differentiate the brain dynamics between left-and right-hand MI using event-related potentials (ERPs) [5] in EEG analysis.
Many methods [6, 7] focus on observing the bilateral difference in power between the cerebral hemispheres during imagery, which is a well-known phenomenon in MI. Further, a number of methods have been applied to analyze the extracted features of interest [8, 9] . Among these proposed feature extraction methods, the common spatial pattern (CSP) analysis is effective in constructing optimal spatial filters that classify two imagery actions in MI-based BCI, i.e. left-and right-hand imagery [10] . However, the performance of these spatial filters relies on its operational frequency band. Although it is effective to manually find a subject-specific frequency range for each subject, it is time consuming, and the result is nonstationary. The sub-band CSP (SUBCSP) [11] employs a filter bank to decompose the EEG signals into different sub-bands as inputs to the CSP, which has proven to achieve a similar result to that of finding proper bands manually for each subject. After obtaining sub-band spatial patterns, a classification algorithm is used to classify patterns in each subband. Consequently, a fuzzy fusion algorithm is then employed to fuse the classifiers constructed by each sub-band. As the decisions are integrated from different sub-band classifiers, combination of classifiers is promising of being better at uncertainty identification than a single pattern recognition technique. The benefits of such a fuzzy fusion approach would not only enhance system performance in terms of accuracy but also in usability and safety, especially in the case of BCIs for cognitive detection or action control. Therefore, we introduce a fuzzy mechanism for representing and processing the uncertain, imprecise and incomplete information available from such individual signals using the concept of fuzzy measure. The concept of fuzzy measure has been introduced by Sugeno [12] for dealing with the rigidness problem of the ordinary. In fuzzy measures, additivity is substituted by monotonicity, i.e. a weaker condition, thus reaching a higher level of computational flexibility.
In this paper, we focus on combination of classifiers using fuzzy integrals [13] , a technique of fuzzy measure that has been successfully applied in pattern recognition in the BCI community. The fuzzy integral [14] is a nonlinear functional defined with respect to a fuzzy measure, which is a generalization of a probability measure, specifically a fuzzy measure. It was regarded as a numeric-based aggregation connective approach to obtain a collaborative decision from integrating information from multiple classifiers. In this study, we adopted two fuzzy integral methods: the Sugeno integral [15] and the Choquet integral [16] . As a result, spectrum ensemble based on swam optimized fuzzy integral is proposed in this study for integrating decisions from each classifier established in each sub-band. The SBCSP approach is used to extract useful features of brain activities during the MI task; subsequently, multiple linear discriminant analysis (LDA) [17] is applied for recognizing the EEG signals in each sub-band spectrum. To effectively assign confidence levels for classifiers used in the fuzzy integral during the fuzzy fusion stage, the particle swarm optimization (PSO) [18] is employed to update the confidence of the employed classifiers. We evaluate the possibility of application of combination of classifiers using fuzzy measures and integrals for a wireless MI-based BCI system. The maximum classification performance achieved the significant improvement using PSO for global parameter optimization in terms of area under the receiver operating characteristic (ROC) curve. Based on its high classification rate and computational flexibility, we believe that the proposed system demonstrates potential for use in a real-time BCI system and can be applied to a variety of BCI systems with minimal effort and changes to their structure.
II. MATERIAL AND METHOD
The fundamental components of the proposed EEG acquisition device are shown in Figs. 1(a)-(d). These components include dry electrodes, a wireless EEG acquisition device, and locations for electrode placement. The EEG signals are measured by the dry electrodes, as shown in Fig. 1(a) , which are connected to the EEG acquisition device, as shown in Fig. 1(b) . In this study, to collect the EEG data, we used the International 10-20 System over the sensorimotor area, as shown in Figs. 1(c)-(d). After the recorded brain waves are transmitted to a computer via Bluetooth technology, the EEG signals in the delta, theta, alpha, and beta bands and all bands (e.g., 1-30 Hz) are processed via SBCSP approach, MLDA and fuzzy integral with PSO to were introduced to classify the MI patterns, as shown in Fig. 2 .
A. EEG Acquisition Device
The EEG acquisition device [19] was designed to measure true EEG signals using dry electrodes [20] , as shown in Figs . The gain of the preamplifier unit is set to 1361 V/V, and the cut-off frequency is regulated to 0.2 Hz by a high-pass filter. The microcontroller unit is used to regulate the signal sampling rate and for noise reduction. The microcontroller unit digitizes the analog EEG signal at a sampling rate of 512 Hz, and a sinc filter removes frequencies above 128 Hz. Moreover, the 60 Hz noise in the amplified EEG signal from the pre-amplifier unit is reduced by the microcontroller unit using a moving average. Once the processing of the EEG signal is complete, the processed EEG signal is transmitted to the computer using the Bluetooth v2.1 + enhanced data rate (EDR) specification. Power for the board is supplied by a commercial 650 mAh Li-ion battery, which can be continuously operated for over 10 hours.
B. Common Spatial Pattern (CSP)
The proper spatial filter would provide true signals so that easy to be processed. The goal of common spatial pattern (CSP) [21] leads to optimal variances for the discrimination of two populations (e.g., left hand and right hand motor imagery). We denote the original EEG data are projected onto , and the separation between the two classes, as represented by the EEG data, is maximized. Thus, the projection matrix is defined as follows:
(1)
Using the projection matrix , the data from each trial can be projected as below:
(2)
C. Linear Discriminant Analysis (LDA)
The linear discriminant analysis (LDA) [22] is a wellknown binary classification method. It is developed based on mean vectors and covariance matrices of patterns for individual classes. The LDA projects data onto a new space via a projection as follows: (3) This projection minimizes the within-class scatter and maximizes the scatter between classes.
D. Fuzzy Integral
This study is concerned with the application of combination of classifiers based on fuzzy measures and integrals to MIbased BCI. The outputs of the base LDA classifiers established in each sub-band are used as the input features of a general decision-maker used for classifier fuzzy fusion. The distinguishing property of fuzzy integral is to utilize information concerning the uncertainty or confidence in its candidates of information sources during the decision making process represented using a fuzzy measure. To integrate all of the information coming from the set of inputs on a fuzzy measure, we need an extension of the integral operator. That is, we need to use a fuzzy integral. For the purpose of classifier fusion, the fuzzy integral integrates objective evidence, supplied by the classifiers in the form of certainty measures, for a hypothesis with the prior expectation of the confidence of candidates of these classifiers. Given the aforementioned benefits, combination of classifiers based on fuzzy measures and integrals provides an appropriate architecture for developing robust and high reliable BCI systems. In this paper we mainly focus on combination of classifiers using Sugeno integral [15, 23] and Choquet integral [24] , which have been successfully implemented for the purpose of this research in pattern recognition, to the best of our knowledge, minimal interest in the BCI community.
Sugeno Integral
The Sugeno integral is a type of integral with respect to a fuzzy measure. The Sugeno integral is defined for functions whose range is 0 to 1 and normalized fuzzy measures. The Sugeno integral over a crisp set A of a function h with respect to a fuzzy measure is defined as , (4) where .
When applied to a fusion problem, the function h generally consists of the classifier output scores, and the fuzzy measure g is the confidence or the weight we assign to each classifier.
Choquet Integral
The Choquet integral, created by the French mathematician Gustave Choquet, is another type of integral with respect to a fuzzy measure. This choice is inspired by both a theoretical property and practical one. That is, it is a proper generalization of the normal integral operator. In addition, the learning task can be revealed as a convex quadratic program and therefore solved by means of well-known algorithms. The Choquet integral is defined as ,
where .
As mentioned above, when applied to a fusion problem, h refers to the classifier outputs, and is the weight for each classifier.
E. PSO Algorithm
To effectively assign confidence levels for classifiers used in the fuzzy integral during the fusion stage, the particle swarm optimization (PSO) [21] is employed to update the confidence of the classifiers. The PSO algorithm is a well-known swarm intelligence technique. It was developed to imitate the behavior of birds in a flock or a school of fish. The objective of PSO is to optimize a model by iteratively attempting to improve upon a candidate solution with regard to a given measure of quality. The PSO algorithm involves two critical steps:
1. Initialize a population of particles with a random distribution within the desired range of the search space. (6) where is the best known position of the entire swarm and is the best known position of particle i. When less than 1, the velocity of particle may tend to 0 and lead to the particles fall into a local minimum and converge slowly.
Update the particle positions and velocities:
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The confidential weights of Sugeno integral and Choquet integral are decided by PSO in this study. The updates of PSO are calculated according to Eq. 6. When a particle finds a better position than the previously best position, the previous position would be dropped out and the new one would be stored. The mechanism retains a satisfactory solution until the predefined number of iterations is achieved. The distance between the position of particle and the value of bset and best get smaller during implement course of PSO algorithm. This procedure allows us to search optimal weights for each information source to obtain globally optimized output during the training phase.
III. RESULTS AND DISCUSSION
Six male users, aged 22-26 years, participated in the MI experiment. All of the participants were neurologically healthy. Before the experiment, they were required to complete an informed consent form. Each participant was seated comfortably in front of a monitor, and the task was explained via written instructions on the screen. Five dry electrodes were used (four channels to record the EEG signals and one for reference) to measure their EEG signals. The MI experiment consisted of three parts. The first part was a baselineconstructing task to record the MI model of the proposed system according to each user, with the aim of constructing the features for the imagery of left-and right-hand movements. Twenty trials were performed in this baseline-constructing phase of the experiment for the imagery of both left-and righthand movements. The second part was designed to train the participants on the EEG measurement system. Each of the two directions was tested forty times. The training section was used to calibrate the parameters of the proposed measurement system for each user, with the aim of identifying each user's EEG features. The last part was the actual experiment, also with forty trials per direction (imagery of left-hand and righthand movements). The wireless EEG acquisition device was used during the MI experiment.
A. Experimental Procedure
The procedure followed in our experiment is visually summarized in Fig. 3 . A subject sat in a comfortable chair, with his hands placed on a table. At the beginning of each trial, the screen was kept blank for 2 seconds. Next, a cross was displayed at the center of the screen for 2 seconds, and then an arrow pointing either to the left or to the right would randomly appear on the screen for 8 seconds. When the subject saw an arrow pointing to the left, he was asked to perform imagery of a left-hand movement, and likewise for the rightward-pointing case. After each imagery trail, a picture was displayed on the screen for a randomly determined period of between 9 and 12 seconds to help the subjects relax between trials.
B. Classification Performance
LDA is introduced as a classifier using features extracted from CSP projection. Consequently, the MLDA is established using the spatial pattern features from these five frequency bands. Not only getting more features, separated frequency bands would also provide features of each band in details. Accordingly, the Sugeno integral, and the Choquet integral were applied as fuzzy fusion to integrate decisions from the MLDA that are constructed by these five base classifiers, including delta, theta, alpha, beta and all-band LDAs, in the proposed system. After aggregating the results from different bands, the fuzzy fusion mechanism is applied for making a final decision. Initially, the weights of each classifier in the Sugeno integral and the Choquet integral were equally set to 0.2. The PSO algorithm was later applied to update these weights.
All performances were evaluated in terms of the area under the ROC curve (AUC of ROC). As shown in Table I , each fusion technique outperformed each single classifier, with the proposed fusion architecture yielding not only higher AUC value but also a lower standard deviation. In comparison with the existing fusion techniques, the summation approach and the Choquet integral both outperformed the Sugeno integral. As shown in Table II , after updating the weights of the classifiers, both results from the Sugeno and Choquet integrals with PSO for updating the weights of the classifiers exhibited improvements, from 0.935±0.077 to 0.991±0.017 and from 0.978±0.028 to 0.996±0.024, respectively. The AUC was improved and the standard deviation was reduced, which indicated that the system was performing with higher accuracy and better stability.
C. The Proposed Online BCI System and Its Application
The flow chart for a subsequent online experiment is shown in Fig. 4 . The offline experiment reported above was first required for advance model generation. Subsequently, the model could be applied for an online experiment using the proposed BCI system. When performing the online experiment, each subject wore an EEG acquisition system on the top of his head along the central sulcus, and the reference was recorded at the earlobes on both sides. Each subject was required to record a full experiment consisting of 4 sessions (160 trials), and the model previously derived for that subject was applied in the online system.
If the subject wished to issue a left or right command, he was required to think of the same direction continuously for one second. After each trial, the classification result accumulated over one second was plotted as a bar. The accuracy rate was recorded at the top of the window. The accuracy rate achieved in the online test was approximately 84%. Depending on the classification result, a robotic arm would immediately grasp a glass to either the left or the right. The robotic arm used in this experiment is available on the rehabilitation market (Kinova, Canada). It consists of a six-axis robotic manipulator arm with a three-fingered hand.
IV. CONCLUSION
In this study, we propose a spectrum innovative ensemble method based on swam-optimized fuzzy integral for combination of classifiers for a MI recognition task. The fuzzy integral provides an effective mechanism for representing and processing the uncertainty from individual signals using the concept of fuzzy measure. Further, the PSO is used to update the confidence of the employed classifiers. In the experimental result, the highest AUC is obtained when the Choquet integral with the PSO training is applied for the fusion phase. For the real-world BCI design, this system is capable of wirelessly transmitting EEG signals to a computer, where the signals can be processed and classified prior to the results that are displayed to the user. Compared with other conventional BCI systems, the benefits of the proposed MI-based BCI system includes high efficacy, high accuracy and real-time processing. As a result, the proposed system was further used to manipulate a robotic arm to assist the disabled and elderly, thereby improving their lives more convenient. In the future, we aim to develop a more advanced BCI system that is capable of classification for multi-class problems to enable our system to execute more complex cognitive tasks. 
